Abstract-Symbolic grounding is a bridge between high-level planning and actual robot sensing, and actuation. Uncertainties raised by the unstructured environment make a bottleneck for integrating traditional artificial intelligence with service robotics. This paper presents a fuzzy logic based approach to formalise the grounding problems into a fuzzy optimization problem, which is robust to uncertainties. Novel techniques are applied to establish the objective function, to model fuzzy constraints and to perform fuzzy optimisation. The outcome is tested with a service robot fetch and carry task, where the fuzzy optimisation approach helps the robot to determine the most comfortable position (location and orientation) for grasping objects. Experimental results show that the proposed approach improves the robustness of the task implementation in unstructured environments.
I. INTRODUCTION
Robot motion planning contains two levels, namely, a task level and a motion level. Action commands used at the task planning level are represented with symbolic terms, such as "near" and "close". These terms indicate positions of a robot with respect to a target object. For example, an action command move(base, table_1, near) represents the action of moving a robot base to a suitable position near to the target object table_1 for performing tasks, such as object manipulation or surface exploration. On the other hand, at the motion planning level, robots are controlled based on trajectories. Trajectories are the sequences of positions in a robot's workspace, starting from its current position to a destination position. The robot will be driven to move from one position to another according to trajectories. It is necessary to bridge action commands at two levels to enable a robot to understand the commands from the higher level and to execute corresponding tasks at the lower level. The bridging process is known as symbolic grounding [5] .
Grounding task level commands to motion level controls has been proven to be as a not easy task in unstructured environments. On one hand, it is not possible to have the exact and complete prior knowledge of these environments. For example, the locations of objects are usually unknown and grounded robot trajectory may be blocked. On the other hand, knowledge acquired through sensing is affected by uncertainties. Noise and limited sensor range can influence the quality of acquired information. Symbolic grounding has drawn increasing attention. Research reported can be classified onto learning and vision based methods. In [11] , Mavridis and Roy introduced a statistics based approach, which calculates the probability distribution of symbolic terms to control parameters. Tenorth and Beetz suggested to let a robot to learn a suitable position for grasping using reinforcement learning [15] . Vahrenkamp, et al. used gradient descent search, which allows a robot to modify a randomly generated hip joint configuration through local search [16] . In [13] , Popovic, et al. proposed a computer vision based system, in which a robot is guided by vision signals. However, the learning based approaches lack robustness in unstructured environments and a vision relies too much on the visibility of a robot gripper.
The problems in the above mentioned approaches are due to the lack of capability of modelling uncertainties, more precisely, due to vagueness, existing in the environments. Vagueness is about the elaboration of very certain concepts. The symbolic terms are used in the task level planning, such as "close", and "near" contains both certain concepts and their elaborations. Fuzzy logic has been developed to represent the elaborations of certain concepts and to conduct logical reasoning based on the concepts and their elaborations. Therefore, it is a natural candidate to symbolic grounding. Research presented in this paper focuses on the grounding of the task level command of fetching objects. When implementing this command, a robot will need to move to a grounded position, where it can most comfortably grasp the targeted object. There are uncertainties in determination of this position as it may not be unique according to human reasoning and it can be blocked by obstacles in practice. Therefore, finding such a position is a fuzzy optimisation problem. In this research, a fuzzy optimisation based symbol grounding system is designed to ground symbols contained in object fetching commands to an optimal robot base pose for grasping a target object. For finding this pose, an objective function is established by a fuzzy inference engine. Robot base positions are modelled as fuzzy sets and the existing knowledge is modelled as fuzzy rules. Membership functions of the fuzzy sets are defined according to the specific kinematic characteristics of a service robot, Care-O-bot 3 [12] . Given the position of an object, the fuzzy inference engine will establish a 3D objective function for optimising the robot base position. Obstacles in the environment are modelled as 3D fuzzy constraints. A novel algorithm is used to perform fuzzy optimisation and calculate the most suitable base position for grasping the target object. Through updating the objective function and fuzzy constraints, the proposed approach is able to adapt to unstructured environments. The fuzzy optimisation based symbolic grounding does not need the previous successful experience, the human intervention and the visibility of the target object and the robot's gripper. This paper is organized as following. Section II describes related work in symbolic grounding. Section III explains the problem and the concept of HDZ. Section IV introduces the proposed fuzzy optimization based approach to unconstrained symbolic grounding. Section V is about the application of the approach to constrained symbolic grounding. Experimental results and analysis are given in Section VI. Finally, conclusion and further work are presented in Section VII.
II. RELATED WORK
In Mavridis and Roy's probabilistic based approach [11] , a Grounded Situation Model (GSM) is introduced to connect between symbol level commands and motion level control parameters. In this model, symbolic commands are parsed into ontological types and relations that reflect human language semantics. Probability distributions of those types and relations, as the control parameters at the motion level, are then calculated based on social knowledge. When new sensor readings are available, the probability distributions are updated as the weighted sum of the old distribution with a rectangular envelope centred at the new readings. A diffusion process is used to model the decrease of the robot's confidence about the position of target objects over the time. GSM is able to translate relational symbols, such as the location of a ball to a grounded probability distribution. It relies on sensor readings to gradually establish the probability distributions and hence can be time consuming in unstructured environments.
In [15] , Tenorth and Beetz proposed a reinforcement learning approach to translate "grasping object" commands to manipulation locations for a robot to grasp an object. Recorded manipulation locations are clustered during the reinforcement learning process. Euclidean distance between the robot's current location and the clusters is used to decide which location is suitable for grasping a target object. This approach becomes inefficient when working in unstructured environments since changes in environment will invoke a new learning process and the approach requires the accumulation of the successful experience to the certain level.
In [16] , Nikolas et al proposed a gradient descent approach to the grounding of object grasping commands to a robot hip joint configuration and a 6D grasp pose in an environment cluttered with obstacles. Given the position of a target object, a random robot hip joint configuration is generated first. Then, an Inverse Kinematic solver (IK-solver) starts to calculate a collision free trajectory that can bring the gripper of the robot to the target object. This procedure is repeated until a valid robot hip configuration is found or after a specified number of tries. If a robot hip joint configuration is found, a gradient descent search is performed for an optimal grasp pose in reachability space. The reachability space is a grid of voxels in 6D pose space. Each voxel holds a probability of a trajectory that can be found by the IK-solver. If a reachability space entry lies above a threshold, a possible grasp pose is then found. The gradient descent search also checks its neighbouring voxel of the reachability space. If there is a voxel with a higher reachability space entry, the grasp pose is moved towards that voxel. This process also repeats until there are no neighbours with higher entry. This approach to symbol grounding has the dependency of a good starting guess. It also relies on fix starting and goal positions which means the environment is precisely known.
Popovic suggested a computer vision based approach to the translation of "get object" command to a grasp pose [13] . A target object and the robot's gripper are modelled as 3D contours by a 3D camera to reflect their spatial information. Contours that share a common plane have the similar colour. When the gripper contour and the target object contour have the similar colour, a possible grasp pose is obtained. Moving the robot to get the two contours overlapped is the process of trail of error and would involve human intervene in an unstructured environment. This approach fully relies on the visibility of the target objects and that of the robot's gripper. A grasp task will fail if either the target object or the gripper is not visible.
III. PROBLEM DEFINITION
First, When being assigned the task of grasping an object, which is placed on the top of its parent object, for example, a table, a robot will execute a high-level command move(base, target_obj, near) to positioning itself to comfortably grasp the object. Symbolic grounding is needed here to determine this position. In situations, where there is no obstacle in the environment, the grounding process starts with a calculation of a primitive grasping position according to an estimated location of the object. Due to the limited prior knowledge of the environment, the estimated location may not be the actual location of the object. Therefore, after the robot moved to the primitive position, it will have to perform a detection for the actual position of the object. If the actual object location is different from the estimated one, a new position, called the optimal grasping position, needs to be defined. After moving into this position, the robot will start an IK-solver to find a trajectory for its robot arm to reach the object.
Environments, where robots work are often cluttered with obstacles. In the extreme situation, the grounded optimal position is even occupied by an obstacle. In this situation, robots will have to find another workable grasping position that is collision free. This position is called a near optimal position. An optimisation process is needed to be carried out to find the near optimal grasping position.
In order to find the optimal or the near optimal grasping position, the area which a robot arm can reach needs to be identified. This area depends on how a robot grasps an object, known as grasp types [12] . There are three different basic grasp types. They are defined due to the gripper pose with respect to the target object position. With respect of the grasp types, an area called High Dexterity Zone (HDZ) can be specified. An HDZ is the collection of all robot base positions from which a given goal location can be reached by the robot arm. Given a goal location, the IK-solver is able to generate a trajectory for the robot's gripper from its current position to the object if the robot base is placed in a position that makes the goal location lies within this HDZ. Taking into account specific kinematic characteristics of the Care-O-bot 3, the HDZ can be modelled as a section of annulus in front of the robot base, where the radii expresses the minimal and maximal reach of the arm. The thickness of the disk is also defined. If a grasp pose lies outside this range, it cannot be guaranteed that the IK-solver is able to generate such a trajectory. Goal locations that exceed an HDZ are rejected from further processing.
In order to find the HDZ of Care-O-bot 3, the robot tried to grasp a milk box placed in different locations. Fig. 1 shows how the milk box was grasped by the robot in ROS simulation environment. The surface of the table was partitioned into grids. The centres of each grid were used as target gripper locations. A milk box was placed in the centre of each grid and the IK-solver was used to generate trajectories for the robot arm to grasp the milk box using three different grasp types. The area within a grid is considered as a part of the HDZ if all three grasps are successful.
After the simulation, the HDZ of the robot arm was found, as it was the area which the gripper can reach. The HDZ is illustrated in Fig. 2 . Some of grids within an HDZ are workable, but not optimal. For example, if the location of a grasp pose is near to the edge of the HDZ, there will be fewer trajectories generated. It can also be seen that if the location of a grasp pose is far away from the robot base, the robot arm will need to move a long distance to reach the location and thus, the robot arm is more likely to face obstacles on its path. In addition, it is more difficult to satisfy a required time constraint. Therefore, given the location of an object, there will be a certain area within an HDZ from which the robot arm can comfortably reach the target object. This area is called the optimal grasping area. The optimal grasping area is defined based on the following criteria:
• The area is located within HDZ
• The area is not too close to the edge of an HDZ
• The area is not far away from the robot base.
In the HDZ obtained from the simulation, the red area is the optimal grasping area as shown in Fig. 2 .
Uncertainties can be seen from the obtained HDZ. First, a robot arm can reach a given target object location more easily from some grids of the HDZ then from some other grids. However, they both are workable. This means that the robot does not have to be placed at the optimal grasp position when it is assigned a task of grasping an object. Second, an HDZ can be deformed if obstacles appear in the corresponding robot arm workspace. The optimal grasping position can even be occupied by an obstacle.
IV. UNCONSTRAINED FUZZY OPTIMISATION BASED SYMBOLIC GROUNDING
If an HDZ is obstacle free, symbolic grounding becomes an unconstrained optimisation problem. An unconstrained fuzzy optimisation algorithm is proposed as shown in Fig. 3 . It is natural that a robot can comfortably reach an object from different positions. This means that the concept "near" can be grounded as a region, but not necessarily the optimal position. This region can be defined as a fuzzy set, called "near". The fuzzy set represents the uncertainty that the object can be reached more easily from some positions than others. Whether more or less easily, actually depends on the robot's current base position defined by location and orientation. Hence, another two fuzzy sets are defined, namely, "close" and "direct". The fuzzy set "close" models how easily the target object can be reached when the robot is place at different locations. The fuzzy set "direct" models how easily the target object can be reached when the orientation of robot base changes. If the target object is placed on an X-Y plain, the fuzzy set "close" can be defined by a 3D membership function as illustrated in Fig. 4 . The fuzzy set looks like a ring being place on the X-Y plain. However, the bottom side is much thicker than the top side. When a grasping location keeps a certain distance to the target object, the membership degree is 1. When the grasping location is too close or too far away from the target object location, the membership degree decreases accordingly. The fuzzy set "close" is defined as:
The orientation of the grasping positions is also considered. If robot base is right facing the target object or the rotation � lies within a certain range (in this research, it is +/-10deg), the robot can comfortably research the object. When � exceeds this range, the robot may not be able to successfully grasp the object. The fuzzy set "direct" represents orientation, shown in Fig. 5 . The horizontal axis stands for the rotations (in degree) between the grasping positions and direction from the displacement of the robot base to the target object. The vertical axis stands for the membership degree of the fuzzy set. When θ equals to 0, the membership degree reaches 1. When θ is increasing, the membership degree decreases. When θ exceeds +/-10deg, membership degrees become 0. The fuzzy set "direct" is defined as:
An objective function is defined:
where � * is the optimal grasping location, � ���� (�, �) is the membership function of fuzzy set "near", �(� − � ����� ) � + (� − � ����� ) � is the distance between the robot's current location and the optimal grasping location, � � and � � are weight coefficients.
The optimal grasping orientation can be determined by calculating the orientation which maximises the objective function:
where � * is the optimal grasping orientation, � ������ (�) is the membership function of fuzzy set "direct".
After the actual position of the target object has been detected, a robot will need to decide whether it needs to move to a new optimal position for grasping the object. A fuzzy inference engine is designed to deduce a reachability value which reflects how easily the target object can be reached from the robot's current position. Based on the definition of two fuzzy sets, the robot's current position will be mapped to membership degrees of the fuzzy sets. The reachability value can be deduced from the membership degrees according to fuzzy rules. The fuzzy rules can be easily defined based on common knowledge:
If "close" and "direct", then "near".
For example, when the target object position is (-2.9, 0.3, -0.1) in (x, y, �) and the current robot base position is (2.04, 0.3, 0) in (x, y, θ), the reachability will be calculated by using max-min operation: 
After the reachability is calculated, a threshold can be set to help the robot to decide whether it needs to move its base to a new optimal location. If the reachability is above the threshold, the robot will start to grasp the object from its current position.
V. CONSTRAINED FUZZY OPTIMISATION BASED SYMBOLIC GROUNDING
The environments where the robot works are often cluttered with obstacles. When the grounded optimal grasping position is blocked, the robot will need to find a sub-optimal solution which is collision free. A constrained fuzzy optimisation algorithm is proposed to solve the problem. The algorithm is shown in Fig. 6 . When obstacles in the environment are considered, some areas may be occupied or no longer suitable for comfortably grasping the object. Exact modelling of obstacles can be time-consuming and also unnecessary according to human reasoning. Instead, obstacles are modelled as a fuzzy constraint function. For example, an area surrounding a cylinder-shape obstacle can be modelled as a 3D fuzzy constraint function illustrated in Fig. 7 . The horizontal axes show the grasping locations (along X axis and Y axis). The vertical axis stands for the fuzzy constraint value. From the diagram we can see the fuzzy constraint value is 0 within the area occupied by the obstacle. When the grasping location moves away from the obstacle, the fuzzy constraint value will increase accordingly. This reflects the fact that obstacle will have less influence on the grasping location. The increasing rate of the fuzzy constraint function is in direct propagation to the height of the obstacle. When the distance between the grasping location and the obstacle exceeds a certain value, the fuzzy constraint value is 1.
To determine the near optimal grasping positions, an optimal fuzzy set should be defined [17] . This fuzzy set is a fuzzy sub-set of U, where U is a set of all grasping positions.
where �� � is a fuzzy sub-set of U, its membership degree value is
� � � is a fuzzy optimal set of � � , where � � is the fuzzy constraint set. � �̃≜ �(� � � ) is a fuzzy optimal value, it can be calculated from
From Definition 1,
and
where
When � ∈ � � − �, we can know � ∈ � � − �, and � � (�) = 0.
In fact, if � � (�) = � > 0, then � ∈ � � , so � ∈ � � , as a result
and �(�) = max �∈� � �(�).
As a result � ∈ � . This is conflict with � ∈ � � − � . � � (�) = 0, when � ∈ � � − �, which means
The fuzzy optimal set � � � , can be defined from the following quotations.
Quotation 1 [17]
From equation (1), we can know if we want to proof quotation 1, we will only need to proof the following equation
∀ � � ∈ �, we can have at least one � > 0 , that make � � ∈ � � . When � > � and � � ∈ � � , we have � � = � � ∩ � � , so � � ∈ � � , which means, when � > �,
As a result,
The fuzzy sub-set � � can be identified based on the following quotation. 
∀ � � < � < � � , we have � � �( �) = {�}, As a result,
The rest of the quotation can be proofed by the same way.
Up to now, the sub-optimal grasping position can be calculated based on the fuzzy constraint function defined in Section V and the objective function defined in Section IV.
VI. EXPERIMENT RESULTS AND ANALYSIS
In order to test our symbolic grounding approach, two object fetching simulation scenarios were defined. In the first scenario, the obstacles in the environment were not considered. The robot first calculated a primitive grasping position according to the estimated target object position. Then the robot moved to this position to further confirm the actual position of target object. The trajectory of the robot base movement and the objective function are illustrated in Fig. 8 . The objective function was defined based on the estimated location of the target object (marked by the red line in the diagram). After the robot reached the primitive grasping position, detection was carried out to extract the actual position of the target object. When the target object was detected, the location of the objective function was updated. The fuzzy inference engine was called to calculate the reachability value according to the actual target object location and the current robot position. The reachability value was 0 in the simulation (below the threshold). The robot then calculated the optimal grasping position and moved to that position afterwards. After the robot moved to the optimal grasping position, the IK-solver was called to calculate a robot arm trajectory and the target object was successfully grasped. Fig. 9 illustrates the trajectory of the robot movement and the updated objective function. The first scenario was also tested in real environment. Fig.  10 shows the Care-O-bot 3 was trying to grasp a milk box from the grounded optimal grasping position. From the Fig. 10 we can see the proposed symbolic grounding approach can help the robot to positioning itself to a suitable grasping position.
In the second scenario, the table where the target object is placed and a cylinder shaped furniture was modelled as obstacles. The robot calculated a primitive grasping pose according to the estimated target object location and the spatial information about the obstacles. The obstacles were modelled as fuzzy constraints. The constrained objective function and the cylinder shaped obstacle are illustrated in Fig.  11 . Figure 11 . The constrained objective function From Fig.11 , it can be seen that the objective function is influenced by the obstacles. After the primitive grasping position was calculated, the robot moved to this position for further confirming the actual location of the target object. When the target object was detected, the fuzzy inference engine was called to calculate the reachability value. In this simulation, the reachability value was 0.79 (above the threshold). Then the IK-solver was called and the target object was successfully grasped.
VII. CONCLUSION AND FURTHER WORK
Through simulation we can highlight that the fuzzy optimisation based symbol grounding approach can ground symbolic object fetching commands to optimal grasping positions in an unstructured environment. The use of fuzzy inference engine and fuzzy constraint function improved the robustness of task implementation. In our further work, a self-adaptive fuzzy objective / constraint function will be developed to deal with moving obstacles. The grounding of other symbolic commands such as room / surface explore will also be considered.
